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TITLE OF THE INVENTION 

METHOD, SYSTEM AND COMPUTER READABLE MEDIUM FOR THE TWO- 
DIMENSIONAL AND THREE-DIMENSIONAL DETECTION OF LESIONS IN 
COMPUTED TOMOGRAPHY SCANS 

CROSS-REFERENCE TO RELATED APPLICATIONS 
This application claims priority under 35 U.S.C. § 1 19(e) to United States provisional 
patent application serial number 60/176,304, filed on January 18, 2000, the entire contents of 
which is incorporated by reference herein. 

BACKGROUND OF THE INVENTION 

Field of the Invention : 

The present invention relates generally to a computerized method and system to aid 
radiologists in detection of abnormalities in tomography scans. 

The present invention also generally relates to computerized techniques for automated 
analysis of digital images, for example, as disclosed in one or more of U.S. Patents 
4,839,807; 4,841,555; 4,851,984; 4,875,165; 4,907,156; 4,918,534; 5,072,384; 5,133,020; 
5,150,292; 5,224,177; 5,289,374; 5,319,549; 5,343,390; 5,359,513; 5,452,367; 5,463,548; 
5,491,627; 5,537,485; 5,598,481; 5,622,171; 5,638,458; 5,657,362; 5,666,434; 5,673,332; 
5,668,888; 5,732,697; 5,740,268; 5,790,690; 5,832,103; 5,873,824; 5,881,124; 5,931,780; 
5,974,165; 5,982,915; 5,984,870; 5,987,345; and 6,01 1,862; as well as U.S. patent 



applications 08/173,935; 08/398,307 (PCX Publication WO 96/27846); 08/536,149; 
08/562,087; 08/900,188; 08/900,189; 08/900,191; 08/900,361; 08/979,623; 08/979,639; 
08/982,282; 09/027,468; 09/027,685; 09/028,518; 09/053,798; 09/092,004; 09/121,719; 
09/131,162; 09/141,535; 09/156,413; 09/298,852; and 09/471,088; PCX patent applications 
5 PCX/US99/24007; PCX/US99/25998; and U.S. provisional patent applications 60/1 60,790 
and Attorney Docket Number 0730-0069-20 PROV filed on January 18, 2000, all of which 
are incorporated herein by reference. Of these patents and applications, 5,463,548; 
5,622,171; 5,732,697; and 5,873,824; Patent Application Nos. 08/562,087; 08/900,361; and 
09/027,685; and U.S. provisional patent applications 60/160,790 and Attorney Docket 
:'^10 Number 0730-0069-20 PROV filed on January 18, 2000 are of particular interest. 
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I il Xhe present invention includes use of various technologies referenced and described 
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ly in the above-noted U.S. Patents and Applications, as well as described in the references 

y 

^ identified in the appended LIST OF REFERENCES by the author(s) and year of publication 

: J; and cross-referenced throughout the specification by numerals in brackets corresponding to 

i=f^l5 the respective references, the entire contents of which, including the related patents and 

: i 

It 

applications listed above and references listed in the LIST OF REFERENCES, are 
incorporated herein by reference. 

Discussion of the Background 

Lung cancer will result in an estimated 158,900 deaths in the United States in 1999 
20 and ranks as the leading cause of cancer death in American men and women [1]. Lung 
cancer is responsible for an estimated 15% of new cancer cases in men (second only to 
prostate cancer) and 13% of new cancer cases in women (second only to breast cancer) [11. 
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Some evidence suggests that early detection of lung cancer may allow for more timely 
therapeutic intervention and hence a more favorable prognosis for the patient [2, 3]. 

An estimated 30-40% of potentially detectable lung cancers are missed by 
radiologists using conventional chest radiographs [4]. It is widely recognized, however, that 
the sensitivity of computerized tomography (CT) scans for lung nodule detection is superior 
to that of chest radiography [5-7]. For this reason, the CT scan is generally regarded as the 
"gold standard" for confirming the presence of a nodule. The most important advantage of 
CT is its ability to distinctly represent anatomic structures that would otherwise project in 
superposition in a chest radiograph; CT scans acquire three-dimensional volumetric data, 
while the image captured by a radiograph collapses real-world objects (i.e., patient anatomy) 
into two dimensions. The practical consequence of this difference in imaging approaches is 
that the average size of peripheral cancers missed by radiologists on CT scans was found to 
be 0.3 cm compared with 1.3 cm at radiography [8]. 

Although the potential camouflaging effect of overlapping anatomic structures is 
effectively eliminated in CT scans, identification of small lung nodules is still confounded by 
the prominence of blood vessels in CT images. Croisille et al [9] demonstrated a significant 
improvement in radiologists' detection of nodules when vessels were removed from the 
images through region growing in three dimensions. Distinguishing between nodules and 
vessels typically requires visual comparison among multiple CT sections, each of which 
contains information that must be evaluated by a radiologist and assimilated into the larger 
context of the volumetric data acquired during the scan. This process could lead to fatigue or 
distraction, especially when other abnormalities are present [10]. The evaluation of CT scans 
for lung nodules requires the radiologist to mentally construct a three-dimensional 
representation of patient anatomy based on over 50 images acquired during the examination. 




This task, while cumbersome for radiologists, may be efficiently handled by a computerized 
method. 

Despite the number of images that must be interpreted to detect nodules in CT scans, 
few investigators have participated in the development of computer-aided diagnostic (CAD) 
techniques for this task [11-15]. Ryan et al [12] modeled nodules and vessels as spherical 
and cylindrical volumes, respectively. A comparison between soft tissue and air densities on 
the surface and within the volume of a bounding cube was used to differentiate nodules and 
vessels. Their method attained a sensitivity of 100% on an unspecified number of cases with 
an unreported number of false positives per case. 

Kanazawa et al. [13] utilized a fuzzy clustering algorithm to identify vessels and 
potential nodules. A rule-based approach that incorporated distance from the lung boundary 
and circularity information was used to distinguish nodules from vessels in each section. The 
reported results appear to indicate that their algorithm attained a sensitivity of 86% with 1 1 
false positive cases for a database of 224 cases. 

Okumura et ah [14] used spatial filtering to automatically detect nodules. In a 
database of 82 cases, all 21 nodules were detected along with 301 false-positive regions. 

Giger et al. [11] developed an automated detection scheme based on a database of 
eight CT scans. To distinguish nodules from vessels within the lung regions, geometric 
feature analysis was implemented in conjunction with multiple gray-level thresholding. Final 
classification was made based on a comparison of suspected regions in each section with 
suspected regions in adjacent sections. The method performed at a level of 94% sensitivity 
with an average of 1.25 false-positive detections per case. 

More recently, Armato et al [15, 16] applied the above method to a database of 17 
helical CT scans and extended the method to include an artificial neural network (ANN) [17] 



to distinguish between nodules and vessels. Receiver operating characteristic (ROC) analysis 
[18] was used to evaluate the ability of the ANN to distinguish between nodules and non- 
nodules among the candidates selected within the segmented lung regions. The area under 
the ROC curves attained average values between 0.90 and 0.99. 

A three-dimensional approach was reported by Armato et al. [19, 20] for a 17-case 
database. Linear discriminant analysis to classify identified nodule candidates as nodule or 
non-nodule yielded an overall nodule detection performance of 70% sensitivity with an 
average of three false-positive detections per section. Three-dimensional features were found 
to substantially contribute to the discrimination ability of the linear discriminant analysis 
classifier. 

Fiebich et al [21] recently developed a computerized method for the detection of 
lung nodules in low-dose helical CT scans from a lung cancer screening program. The 
method attained an overall nodule detection sensitivity of 95.6% with approximately 15 
false-positive detections per study. Other investigators have contributed recently to the 
important task of computerized lung nodule detection in CT images [22-24]. 

Many institutions use a helical CT protocol in which image data is continuously 
acquired as the patient table is translated through the scanner [25] . Helical CT offers several 
advantages over the "step-and-shoot" acquisition of conventional CT, including decreased 
scanning time, improved patient throughput, reduced motion artifacts, the ability to perform a 
single-breath-hold scan, and the ability to retrospectively select the planes of image 
reconstruction [26]. These last two advantages are of particular importance to lung nodule 
detection. A scan performed during a single breath hold eliminates misregistration that may 
occur between sections due to respiration differences, and the ability to retrospectively select 
reconstruction planes allows for images that optimally capture a region of interest. 



Consequently, the major causes of false-negative conventional CT examinations may be 
eliminated with helical CT [27]. The sensitivity of helical CT for detection of nodules by 
radiologists is significantly superior to that of conventional CT, leading investigators to rate 
helical CT as the preferred radiologic modality for the detection of lung nodules [27]. 

The advantages of helical CT could result in its implementation as a modality for lung 
cancer screening [28]. Moreover, scans may be acquired with lower x-ray exposure to 
reduce the dose to screened individuals [29, 30]. Trials to validate lung cancer screening 
with low-dose helical CT are currently underway in the United States [31], Germany, and 
Japan [14]. 

However, due shortcomings in the above-noted methods, an improved method for the 
detection of lung nodules in thoracic CT scans is desirable. 

SUMMARY OF THE INVENTION 

Accordingly, an object of this invention is to provide an improved method, system 
and computer readable medium for the detection of lung nodules in thoracic CT scans. 

Another object of this invention is to provide an improved method, system and 
computer readable medium for the automated segmentation of lung nodules from volumetric 
image data acquired by thoracic CT scans. 

Another object of this invention is to provide an improved method, system and 
computer readable medium for automated analysis of features derived for nodule candidates 
identified in thoracic CT scans. 

These and other objects are achieved according to the present invention by providing 
a novel method, system and computer readable medium for automated detection of lung 
nodules in computed tomography (CT) image scans, including generating two-dimensional 



segmented lung images by segmenting a plurality of two-dimensional CT image sections 
derived from the CT image scans; generating three-dimensional segmented lung volume 
images by combining the two-dimensional segmented lung images; determining three- 
dimensional lung nodule candidates from the three-dimensional segmented lung volume 
images, including, identifying structures within the three-dimensional segmented lung 
volume images that meet a volume criterion; deriving features from the lung nodule 
candidates; and detecting lung nodules by analyzing the features to eliminate false-positive 
nodule candidates from the nodule candidates. 

In another aspect of the present invention there is provided a novel method, system 
and computer readable medium for automated segmentation of lung regions from computed 
tomography (CT) image scans, including generating two-dimensional segmented lung images 
by segmenting a plurality of two-dimensional CT image sections derived from the CT image 
scans; and generating three-dimensional segmented lung volume images by combining the 
two-dimensional segmented lung images. The step of generating the segmented lung images 
includes the steps of generating two-dimensional segmented thorax images by segmenting 
the plurality of two-dimensional CT image sections, including, applying gray-level 
thresholds to the CT image sections to determine thorax region contours therein; and 
generating the two-dimensional segmented lung images by segnienting the segmented thorax 
images, including, applying gray-level thresholds to the segmented thorax images to 
determine the lung region contours therein. 

In another aspect of the present invention there is provided a novel method, system 
and computer readable medium for automated segmentation of lung nodules in computed 
tomography (CT) image scans, including generating two-dimensional segmented lung images 
by segmenting a plurality of two-dimensional CT image sections derived from the CT image 
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scans; generating three-dimensional segmented lung volume images by combining the two- 
dimensional segmented lung images; and determining three-dimensional lung nodule 
candidates from the three-dimensional segmented lung volume images, including, identifying 
structures within the three-dimensional segmented lung volume images that meet a volume 
criterion. The step of generating the segmented lung volume images includes generating the 
segmented lung images at a plurality of gray levels thresholds; and combining the segmented 
lung images to generate segmented lung volume images at a plurality of gray levels 
corresponding to the grey level thresholds. 

In another aspect of the present invention there is provided a novel method, system 
and computer readable medium for automated detection of lung nodules in computed 
tomography (CT) image scans, including generating two-dimensional segmented lung images 
by segmenting a plurality of two-dimensional CT image sections derived from the CT image 
scans; generating three-dimensional segmented lung volume images by combining the two- 
dimensional segmented lung images; determining three-dimensional lung nodule candidates 
from the three-dimensional segmented lung volume images, including, identifying structures 
within the three-dimensional segmented lung volume images that meet a volume criterion; 
deriving features from the lung nodule candidates; and detecting lung nodules by analyzing 
the features to eliminate false-positive nodule candidates from the nodule candidates. The 
step of deriving the features from the lung nodule candidates includes applying radial 
gradient index analysis in two or three dimensions on the identified structures to identify 
false-positive nodule candidates; and the step of detecting the lung nodules comprises 
analyzing the radial gradient index to eliminate the false-positive nodule candidates from the 
nodule candidates. 




In another aspect of the present invention there is provided a novel method, system 
and computer readable medium for automated detection of lung nodules in computed 
tomography (CT) image scans, including generating two-dimensional segmented lung images 
by segmenting a plurality of two-dimensional CT image sections derived from the CT image 
scans; generating three-dimensional segmented lung volume images by combining the two- 
dimensional segmented lung images; determining three-dimensional lung nodule candidates 
from the three-dimensional segmented lung volume images, including, identifying structures 
within the three-dimensional segmented lung volume images that meet a volume criterion; 
deriving features from the lung nodule candidates; and detecting lung nodules by analyzing 
the features to eliminate false-positive nodule candidates from the nodule candidates. The 
step of deriving the features from the lung nodule candidates includes applying similarity 
index analysis in two or three dimensions on the identified structures to compute a size of a 
nodule candidate relative to a distribution of sizes for neighboring nodule candidates; and the 
step of detecting the lung nodules comprises analyzing the similarity index to eliminate the 
false-positive nodule candidates from the nodule candidates. 

In another aspect of the present invention there is provided a novel method, system 
and computer readable medium for automated analysis of features of lung nodules in 
computed tomography (CT) image scans, including generating two-dimensional segmented 
lung images by segmenting a plurality of two-dimensional CT image sections derived from 
the CT image scans; generating three-dimensional segmented lung volume images by 
combining the two-dimensional segmented lung images; determining three-dimensional lung 
nodule candidates from the three-dimensional segmented lung volume images, including, 
identifying structures within the three-dimensional segmented lung volume images that meet 
a volume criterion; and deriving features from the lung nodule candidates. The step of 
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deriving the features from the lung nodule candidates includes determining features from the 
nodule candidates including at least one of structure volume, sphericity, radius of equivalent 
sphere, maximum compactness, maximum circularity, maximum eccentricity, mean gray 
level within structure, standard deviation of gray level and gray-level threshold at which 
structure volume first decreases below an upper volume bound. 

The present invention further includes a computer readable medium storing program 
instructions by which the method of the invention can be performed when the stored program 
instructions are appropriately loaded into a computer, and a system for implementing the 
method of the invention. 

The automated scheme for the detection of pulmonary nodules according to the 
present invention, advantageously, could provide substantial benefit in a screening program 
in which most cases will not contain nodules. Consequently, a computerized detection 
scheme, according to the present invention, implemented as a "second reader," 
advantageously, is expected to help radiologists focus their attention on cases with regions 
that are suspicious for lung cancer. Advantageously, such a scheme could also be used to 
direct radiologists to suspicious lesions that would merit immediate targeted high-resolution 
scans following detection on the initial low-dose scan. Thus, the automated detection scheme 
according to the present invention could become an integral component of fixture lung cancer 
screening protocols. 

The present invention has significance in that: (1) CT scans are used increasingly for 
diagnostic evaluation of patients, and (2) lung cancer screening by low-dose helical CT is 
gradually gaining acceptance as a viable means of early lung cancer detection. However, the 
large amount of image data acquired during a single CT examination may quickly lead to 
"information overload" for the radiologists who must interpret this data. The recent 
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development of multi-slice CT acquisition will soon further compound the image information 
problem. Consequently, the automated lung nodule detection method according to the 
present invention is believed to be a valuable aid to radiologists, thereby facilitating earlier 
diagnosis of lung cancer, 

BRIEF DESCRIPTION OF THE DRAWINGS 
A more complete appreciation of the invention and many of the attendant advantages 
thereof v^ill be readily obtained as the same becomes better understood by reference to the 
following detailed description when considered in connection with the accompanying 
drawings wherein: 

FIGURES 1(a)- 1(h) are flowcharts illustrating a method for the automated detection 
of lung nodules in thoracic CT scans including (a) analyses in two-dimensions followed by 
(b) analyses in three-dimensions, according to the present invention; 

FIGURES 2(a) and 2(b) are images illustrating (a) an original section image and (b) 
corresponding segmented lung regions that are automatically extracted from the original 
section image, according to the present invention; 

FIGURE 3 is an image illustrating a segmented lung volume resulting from a set of 
segmented lung regions from all sections of the lungs, according to the present invention; 

FIGURES 4(a) and 4(b) are images illustrating segmented lung regions from the 
image of FIGURE 2(b) thresholded (a) at a gray level of 90 and (b) at a gray level of 150, 
according to the present invention, wherein fewer pixels remain "on" at the higher threshold; 

FIGURES 5(a) and 5(b) are maximum intensity projection images illustrating a 
complete segmented lung volume thresholded with gray-level thresholds of (a) 90 and (b) 
150, according to the present invention; 
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FIGURE 6 is a diagram illustrating an 18-point connectivity scheme that connects 
contiguous groups of "on" pixels in three dimensions, according to the present invention, 
wherein the "on" pixel of interest (gray) is grouped with any of its 1 8 neighboring points 
(indicated by arrows) that are also "on" and the 18-point connectivity scheme is performed 
for all "on" pixels in any of thresholded lung volumes; 

FIGURES 7(a) and 7(b) are images illustrating (a) volume rendering of a single three- 
dimensional structure identified by an 18-point connectivity scheme applied to a segmented 
lung volume created at a low gray-level threshold, according to the present invention, 
wherein a large volume of this structure fails to meet volume criterion and (b) within the 
segmented lung volume created at a higher gray-level threshold, the same structure 
dissociates into multiple smaller structures, many of which satisfy the volume criterion and 
will be included in the set of nodule candidates; 

FIGURES 8(a), 8(b), 8(c) and 8(d) are diagrams illustrating how structures of 
different shape affect the radial gradient and depict the appropriate model for use with 
anisotropic image data, according to the present invention, wherein a circular structure such 
as a nodule (a) in two dimensions will yield a larger radial gradient index value than a linear 
structure such as a vessel (b), and for purposes of three-dimensional radial gradient index, a 
nodule may be modeled as a sphere when voxels are dimensionally isotropic (c) and since 
actual CT image data is acquired from anisotropic voxels, nodules must typically be modeled 
as cylindrical structures (d); 

FIGURE 9 is a diagram illustrating zones that are defined within a lung segmentation 
region for computation of a similarity index, according to the present invention, wherein a 
lung segmentation contour (outermost contour) has three spatial zones identified therein and 
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relative values of features of structures within the individual zones are used to discriminate 
between nodules and normal anatomy; 

FIGURE 10 is a flowchart illustrating integration of a radial gradient index and a 
similarity index in two or three dimensions for identification of initial nodule candidates, 
according to the present invention; 

FIGURE 1 1 is an image illustrating a three-dimensional sphericity feature, defined as 
a fraction of a volume of a structure that is contained within an equivalent- volume sphere 
centered at the structure's center-of-mass, according to the present invention; 

FIGURES 12(a) and 12(b) are graphs illustrating a distribution of (a) sphericity 
feature values and (b) pixel value standard deviation feature values for nodule candidates that 
correspond to true nodules and nodule candidates that correspond to normal anatomy, 
according to the present invention; 

FIGURE 13 is a graph illustrating FROC curves demonstrating overall nodule 
detection performance (i.e., detection sensitivity as a function of a number of false-positive 
detections per section) of the automated method according to the present invention, for a 
complete 46-case database (300 nodules) and on a subset of cases (i.e., 20) with only one or 
two nodules; 

FIGURE 14 is a block diagram illustrating a system for implementing the method for 
the automated detection of lung nodules in thoracic CT scans, according to the present 
invention; and 

FIGURE 15 is a schematic illustration of a general purpose computer which can be 
programmed according to the teachings of the present invention. 
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DESCRTPTION OF THE PREFERRED EMBODIMENTS 
Referring now to the drawings, wherein like reference numerals designate identical or 
corresponding parts throughout the several views, and more particularly to FIGURES 1(a) 
and 1(b) thereof, there is illustrated a top-level block diagram of an automated method for the 
detection of lung nodules in thoracic CT scans according to the present invention, as is 
further discussed. 

The overall scheme according to the present invention will now generally be 
described with reference to FIGURES 1(a) and 1(b) and will be later described in detail with 
reference to FIGURES l(a)-(h), 2(a)-(b), 3, 4(a)-(b), 5(a)-(b), 6, 7(a)-(b), 8(a)-(d), 9-11, 
12(a)-(b) and 13-15. 

In FIGURES 1(a) and 1(b), the method according to the present invention includes 
initial acquisition of CT image data (not shown). At step 102, for each section image, a gray- 
level threshold is applied to create a binary image. A contour-detection algorithm is used to 
identify the outer margin of the largest "on" region in the binary image, and the set of all 
image pixels that lie within this contour is considered the segmented thorax region. 

At step 104, the trachea and main bronchi are segmented in all sections in which they 
appear to prevent subsequent inclusion within the segmented lung regions. A gray-level 
histogram is constructed from the remaining pixels in the segmented thorax region to identify 
a second gray-level threshold, which is applied to the segmented thorax to create a binary 
image. The lungs are automatically separated at the anterior junction line when one is 
present. A contour-detection algorithm is used to identify the outer margins of the largest 
"on" regions in the binary image, and the set of all image pixels that lie within these contours 
(excluding pixels identified as the diaphragm) is considered the segmented lung regions. The 
segmented lung regions are modified by a rolling ball technique to incorporate pixels that 
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may have been erroneously excluded due to initial gray-level thresholding. The rolling ball 
technique is prevented from incorrectly including pixels that belong to the diaphragm. The 
segmented lung regions from all sections for a particular CT scan are considered to form a 
complete segmented lung volume, which forms the basis for subsequent analysis. 

At step 106, a multiple gray-level thresholding technique is applied to the segmented 
lung volume to create a series of thresholded lung volumes. At step 108, an 18-point 
connectivity scheme is used to identify individual three-dimensional structures within all 
thresholded lung volumes. At step 1 10, a volume criterion is used to qualify a structure as a 
nodule candidate. Feature vectors are computed for all nodule candidates. At steps 112 and 
114, the feature vectors then are used as input to an automated classifier (e.g., linear 
discriminant analysis classifier [19, 20, 35], ANN classifier [17, 18], etc.) to detect nodule 
candidates that correspond to actual nodules from nodule candidates that correspond to 
normal anatomy. 

A database of 46 helical thoracic CT cases (1,290 individual section images with a 
total of 300 lung nodules) was used to develop the method according to the present invention 
and evaluate performance thereof. A detailed description of the automated system, method 
and computer readable medium for the detection of lung nodules in thoracic CT scans, 
according to the present invention, will now be provided with reference to FIGURES 1(a)- 
(h), 2(a)-(b), 3, 4(a)-(b), 5(a)-(b), 6, 7(a)-(b), 8(a)-(d), 9-11, 12(a)-(b) and 13-15. 

In the flowcharts of FIGURES l(a)-(h), after CT section image data is acquired (not 
shown), at step 102, the thorax is segmented by first constructing a cumulative gray-level 
profile (step 102a) from values of pixels that lie along a diagonal that extends from a comer 
of a section image to the image center. The shape of this profile is analyzed (step 102b) to 
identify a single gray level as a threshold value [11]. A binary image is created (step 102c) 
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by thresholding the section image such that a pixel is turned "on" in the binary image if a 
value of the corresponding pixel in the section image has a value greater than the gray-level 
threshold; all other pixels remain "off in the binary image. An eight-point contour detection 
(step 102d) scheme [32] is used to construct a contour surrounding the outermost boundary 
of the largest "on" region in the binary image (i.e., the thorax). The set of pixels in the 
section image that lie within this contour defines the segmented thorax region and is used to 
create a thorax segmentation image (step 102e) such that pixels within the segmented thorax 
region maintain their original value, while pixels not included within the segmented thorax 
region are assigned a value of 0. Pixels that represent portions of the examination table that 
may be included within the segmented thorax region are identified and eliminated. 
Moreover, the trachea and main bronchi are segmented (step 102f) based on a region- 
growing technique [32] and eliminated from the segmented thorax region (e.g., as taught in 
U.S. provisional patent application Attorney Docket Number 0730-0069-20 PROV filed on 
January 18,2000). 

At step 104, initial lung segmentation begins for a particular section by constructing a 
gray-level histogram (step 104a) from the pixels that lie within the segmented thorax region 
[11, 16[. The distribution of pixels in this typically bimodal histogram is used to identify a 
single gray level (step 104b) as a threshold value within the broad minimum in the histogram 
[11]. A binary image is created (step 104c) by thresholding the thorax segmentation image 
such that a pixel is turned "on" in the binary image if the value of the corresponding pixel in 
the thorax segmentation image has a value less than the gray-level threshold; all other pixels 
remain "off in the binary image. The presence of a single "on" region that spans both sides 
of the resulting binary image indicates that gray-level thresholding has "fused" the two lungs 
and that an anterior junction line is present in the section image. This anterior junction line is 
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automatically delineated based on the location of a "cleft point" in the binary image and local 
maximum gray-level information. Pixels along the anterior junction line are turned "off to 
ensure the segmentation of two distinct lung regions. 

An eight-point contour detection (step 104d) scheme [32] is used to construct 
contours surrounding the outermost boundaries of the two largest "on" regions in the binary 
image (i.e., the lungs). The sets of pixels in the section image that lie within these contours 
define the segmented lung regions and are used to create a lung segmentation image such that 
pixels within the segmented lung regions maintain their original value, while pixels not 
included within the segmented lung regions are assigned a value of 0. A rolling ball 
algorithm [15, 20] is applied (step 104e) to rectify the erroneous exclusion of dense structures 
such as juxta-pleural nodules and hilar vessels. To prevent pixels that belong to the 
diaphragm from contributing to the segmented lung regions, diaphragm analysis is performed 
(step 1 04 f) both on the initial binary images created from gray-level thresholding and in 
conjunction with the rolling ball technique (e.g., as taught in U.S. provisional patent 
application Attorney Docket Number 0730-0069-20 PROV filed on January 18, 2000). 

FIGURES 2(a) and 2(b) are images illustrating (a) an original section image and (b) 
corresponding segmented lung regions that are automatically extracted from the original 
section image, as described above. The segmented lung regions from all sections for a 
particular CT scan are considered to form a complete segmented lung volume as shown in 
FIGURE 3; subsequent analysis is confined to this volume. 

At step 106, the segmented lung regions are modified using multiple-gray level 
thresholding prior to forming the segmented lung volume to eliminate bright bands that tend 
to exist along the periphery of the segmented lung regions; the presence of these bands 
confounds the 1 8-point connectivity scheme later applied to the thresholded lung volumes. A 
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band is identified based on gray-level profiles along lines normal to the periphery of the 
segmented lung regions. A matched filter is placed along each band and directional gradient 
information obtained along each band is used to ensure that juxta-pleural nodules are not 
eliminated when the band is removed from the segmented lung regions. 
5 At each of 36 equally spaced gray-level thresholds (step 106a) that range in value 

from 50 to 225, a thresholded lung volume is created (step 106b) based on the segmented 
lung volume [20]. A pixel in the lung regions of each CT section is tumed "off if its gray 
level is less than the current gray-level threshold; the values of pixels with gray levels greater 
than the threshold remain unchanged. 
;"^10 The segmented lung regions from FIGURE 2(b), thresholded at a gray level of 90 and 

IJI 150, are respectively shown in FIGURES 4(a) and 4(b). From these figures, it is apparent 

i J that fewer pixels remain "on" at the higher threshold as shown in FIGURE 4(b). Maximum 

••'^ intensity projection images illustrating a complete segmented lung volume, thresholded with 

gray-level thresholds of 90 and 150, are respectively shown in FIGURES 5(a) and 5(b). As 

j;nl5 is apparent from FIGURES 4 and 5, as the gray-level threshold increases, the number of 

O 

H remaining pixels in the lung regions of any one section decreases, and the number of 

remaining pixels in the corresponding thresholded lung volume decreases. 

At step 108, at each threshold level, all pixels that remain "on" are grouped together 
through a three-dimensional 18-point connectivity scheme (step 108a). In this scheme, as 
20 shown in FIGURE 6, an "on" pixel (i.e., a "pixel of interest") 602 within a thresholded lung 
volume is grouped with all "on" pixels that exist within an 18-pixel neighborhood composed 
of (1) eight pixels 604 that border the pixel of interest 602 in a present secfion 606, (2) a 
pixel 608 spatially corresponding to the pixel of interest 602 in the section 610 immediately 
above the present section 606 along with its four nearest neighbors 612, and (3) a pixel 614 
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spatially corresponding to the pixel of interest 602 in the section 616 immediately below the 
present section 606 along with its four nearest neighbors 618. ''Grouped'' in the context of 
the present invention means that pixels are identified as belonging to the same three- 
dimensional structure. The above method is applied to all "on" pixels in each thresholded 
lung volume. In this manner, individual structures within all 36 thresholded volumes are 
identified. 

At step 110, the geometric volume of each of the individual structure is computed 
(step 1 10a) by multiplying the number of pixels contained within the structure by the known 
voxel (i.e., a unit of graphic information that defines an element of volume in three- 
dimensional space) dimensions. Structures with volume less than that of a sphere with a 

3 

diameter of, for example, 3 cm (i.e., a volume of 14. 1 cm ) are included in a set of nodule 
candidates 1 10b). The basis for this upper volume bound is the generally accepted maximum 
size of pathology that may be referred to radiographically as a "nodule" [33]. 

Volume rendering of a single three-dimensional structure identified by the 18-point 
connectivity scheme applied to a segmented lung volume created at the low gray-level 
threshold (e.g., 90), is shown in FIGURE 7(a), wherein a large volume of this structure fails 
to meet volume criterion. In FIGURE 7(b), with the segmented lung volume created at the 
higher gray-level threshold (e.g., 150), the same structure dissociates into multiple smaller 
structures, many of which satisfy the volume criterion and will be included in the set of 
nodule candidates. As is apparent from FIGURE 7, at a low gray-level threshold, the 
structures identified through 18-point connectivity within the corresponding thresholded lung 
volume tend to be large, while at higher gray-level thresholds, however, the same structures 
dissociate into multiple smaller structures within the corresponding thresholded lung volume 
with many of these smaller structures qualifying as nodule candidates. 
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A region-erosion technique is applied to individual structures (step 1 10c) after they 
initially satisfy the volume criterion. Region-erosion determines whether a structure is 
composed of two or more smaller structures. Once the volume of a structure decreases below 
an upper limit, subsequent gray-level thresholds are applied to pixels of that structure only. 
The volume of the eroded structure is computed as the threshold is incremented by one gray 
level. If the "structure" actually consists of a single structure, then the volume decreases 
smoothly as the gray-level threshold is incremented. However, if the decrease in volume is 
not smooth, either: (1) the original "structure" was connected to pixels that did not belong to 
the main structure and the region-erosion technique has yielded a more accurate 
segmentation of the original structure, or (2) the original "structure" was actually composed 
of two structures, both of which are then designated nodule candidates. In either case, 
region-erosion provides a more accurate set of nodule candidates. 

A Hough transform has been extended from two dimensions into three dimensions to 
identify and eliminate elongated, ellipsoidal nodule candidates (step 1 lOd) that have a high 
likelihood of corresponding to normal anatomy (e.g., as taught in [32] and U.S. provisional 
patent application 60/160,790). An additional technique for separating actual nodules from 
non-nodules is preprocessing the image data with a radial-gradient index [34]. This 
preprocessing can be performed in either 2D or 3D (step 1 lOd). In 2D, at each point in a 2D 
section, contours are obtained for various gray-level increments. That is, each pixel location 
in a section is looked at as the center of a potential nodule. Around each contour the radial 
gradient index is calculated. The radial gradient RGI is given by: 
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where G{x, y)is the gradient vector of/fjc, y) at position (x, y) along the margin defined by 
the contour and r{x,y)l\r{x,y)l is the normalized radial vector at the position (x, y). Note that 
with CT data typically no constraint function is needed prior to generating the contours. The 
contour with the largest radial gradient index corresponds then to a segmented lesion 
candidate. Those candidates with a radial gradient index less than a given cutoff (e.g., 0.75) 
are eliminated. In three dimensions, the contours are replaced by surfaces (i.e., at specific 
gray-level increments, a surface is formed and the radial gradient index is calculated). Those 
candidates with a 3D radial gradient index less than some cutoff value (e.g., 0.50) are then 
eliminated from further analysis. Note that the 3D radial gradient analysis can be modified to 
compensate for section thickness, which accommodates the anisotropic nature of CT data. In 
that case, one can model a cylinder instead of a sphere into the radial gradient calculation as 
shown in FIGURE 8. 

FIGURES 8(a), 8(b), 8(c) and 8(d) are diagrams illustrating how structures of 
different shape affect the radial gradient and depict the appropriate model for use with 
anisotropic image data. A circular structure such as a nodule depicted in FIGURE 8(a) in 
two dimensions will yield a larger radial gradient index value than a linear structure such as a 
vessel depicted in FIGURE 8(b). For purposes of computing the three-dimensional radial 
gradient index, a nodule may be modeled as a sphere when voxels are dimensionally 
isotropic as shown in FIGURE 8(c). However, since actual CT image data is acquired from 
anisotropic voxels, nodules must typically be modeled as cylindrical structures as shown in 
FIGURE 8(d) 

A similarity index is used (step 1 lOe) to compute, for example, the size of a nodule 
candidate relative to the distribution of sizes for neighboring candidates. The notion is that, 
at a given distance from the hilum, the characteristics of nodules will be distinctly different 
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from the corresponding characteristics of neighboring vessels. These techniques are 
implemented to enhance sensitivity and reduce the number of nodule candidates prior to the 
feature-vector computation later described. 

FIGURE 9 is a diagram illustrating zones that are defined within a lung segmentation 
region for computation of the similarity index. A lung segmentation contour 902 (i.e., the 
outermost contour) has three spatial zones or neighborhoods 904, 906 and 908 identified 
therein. Relative values of features of structures (e.g., relative effective diameter, relative 
effective area, relative effective circularity, relative effective compactness, etc.) within the 
individual zones 904, 906 and 908 are used to discriminate between nodules and normal 
anatomy. Such neighborhoods 904, 906 and 908 could be overlapping. In addition, the 
similarity index can be also combined with knowledge of a distance of a nodule candidate 
from the hilum. 

A flowchart depicting the integration of the above techniques is shown in FIGURE 
10. In FIGURE 10, integration of a radial gradient index and a similarity index in two or 
three dimensions for identification of initial nodule candidates is achieved. At step 1002, the 
radial gradient index and the similarity index are computed. At step 1004, the appropriate 
thresholds are applied. At step 1006, feature values are computed within given image zones. 
At step 1008, initial nodule candidates are identified within the image zones. Nine 
features typically are computed for each nodule candidate (step 1 lOf). These features 
include, for example, six geometric features (e.g., structure volume, sphericity, the radius of 
the equivalent sphere, maximum compactness, maximum circularity, and maximum 
eccentricity) and three gray-level features (e.g., mean gray level within the structure, standard 
deviation of the gray level, and the gray-level threshold at which the structure volume first 
decreases below the upper volume bound). Maximum compactness, maximum circularity, 
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and maximum eccentricity are the maximum values of the respective two-dimensional 
features computed for all sections in which a particular structure exists. The three- 
dimensional sphericity feature (i.e., defined as a fraction of a volume of a structure that is 
contained within an equivalent- volume sphere centered at a structure's center-of-mass) is 
illustrated in FIGURE 11. 

The distributions of two of the above features are shown in the graphs of FIGURE 12. 
FIGURE 12(a) is graph illustrating a distribution of the sphericity feature values for nodule 
candidates that correspond to true nodules and nodule candidates that correspond to normal 
anatomy. FIGURE 12(b) is graph illustrating a distribution of the pixel value standard 
deviation feature values for nodule candidates that correspond to true nodules and nodule 
candidates that correspond to normal anatomy. Based on the distributions of these features, a 
rule-based metric (e.g., as taught in [13] and Patent Nos. 5,463,548; 5,622,171; 5,732,697; 
and 5,873,824; and Patent Application Nos. 08/562,087; 08/900,361; and 09/027,685) is 
imposed (step 1 lOg) to eliminate a large fraction of nodule candidates that correspond to 
normal anatomy (i.e., false-positive detections). At step 1 12, the values of the above features 
for the remaining nodule candidates are analyzed (step 1 12a), for example, by an automated 
linear classifier [19, 20, 35], ANN classifier (e.g., as taught in [17, 18] and Patent Nos. 
5,463,548; 5,622,171; 5,732,697; and 5,873,824; and Patent Application Nos. 08/562,087; 
08/900,361; and 09/027,685), etc., reducing the number of nodule candidates deemed 
detected at step 1 14. 

FIGURE 13 presents the free-response receiver operating characteristic curve 
(FROC) [36] for overall nodule detection performance for a 46-case database based on a 
combination of methods described previously. Cases in the 46-case database contain from 
1-54 nodules. The patients who potentially will most benefit from automated nodule 
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detection, however, are those with primary lung cancer, while patients with a large number of 
nodules most likely have metastatic disease. Therefore, FIGURE 13 presents the FROC 
curve for overall nodule detection performance on the subset of cases (i.e., 20 cases) that 
contain at most two nodules, with the notion that performance on these 20 cases represents a 
more accurate assessment of potential clinical significance. As shown by FIGURE 13, an 
overall nodule detection sensitivity of 89% with an average of 1.2 false-positive detections 
per section for those 20 cases with at most two nodules has been obtained, while an overall 
nodule detection sensitivity of 69% with an average of 1.6 false-positive detections per 
section for the complete 46-case database has been obtained. 

The present invention provides an improved method for the automated detection of 
lung nodules in helical thoracic CT scans. The method uses gray-level thresholding 
techniques to segment the lung volume within the image data. Multiple gray-level thresholds 
are then applied in conjunction with a volume criterion to identify a set of three-dimensional 
nodule candidates. The number of candidates that correspond to non-nodule structures is 
reduced using, for example, linear discriminant analysis as an automated classifier. This 
method demonstrates promising performance in its ability to accurately detect lung nodules 
in CT scans. 

FIGURE 14 is a block diagram of a system for implementing the above-note 
processes according to the present invention. With the system, CT scans of an object are 
obtained from an image acquisition device 1402 for processing by the system. Each image is 
put into memory or a database 1404. The image data of each section image from a particular 
CT scan is first passed through a thorax segmentation device 1406 and then through a lung 
segmentation device 1408. The output from the lung segmentation device 1408 for all 
section images in a particular CT scan is combined in the lung-volume-segmentation device 
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1410. The segmented lung volume data is repeatedly passed through a gray-level- 
thresholding device 1412 to create a series of thresholded lung volumes, each of which is 
then passed through an 1 8-point-connectivity device 1414 and then through a volume 
criterion device 1416. The output from this sequence of devices is a set of nodule candidates, 
5 which are then passed through a feature computation device 1418. The output from the 

feature computation device 1418 is sent to an automated classifier device 1420 (e.g., linear 
discriminant analysis classifier [19, 20, 35], ANN classifier [17, 18], etc.), the results of 
which are sent to a detection device 1422. In a superimposing device 1424, the results are 
either superimposed onto images, stored in file format, or given in text format. The results 

O 

ii.glO are then displayed on the display device 1428 after passing through a digital-to-analog 

H 

' H converter (DAC) 1426. 

^'^j FIGURE 15 is a schematic illustration of a general purpose computer 1500 which can 

^ be programmed according to the teachings of the present invention. In FIGURE 15, the 

O 

computer 1500 implements the processes of the present invention, wherein the computer 

ifU5 includes, for example, a display device 1502 (e.g., a touch screen monitor with a touch- 

1:3 

r^'"" screen interface, etc.) for implementing the display device 1428 of FIGURE 14, a keyboard 

1504, a pointing device 1506, a mouse pad or digitizing pad 1508, a hard disk 1510, or other 
fixed, high density media drives, connected using an appropriate device bus (e.g., a SCSI 
bus, an Enhanced IDE bus, an Ultra DMA bus, a PCI bus, etc.) for implementing the memory 
20 or database device 1404 of FIGURE 14, a floppy drive 1512, a tape or CD ROM drive 1514 
with tape or CD media 1516, or other removable media devices, such as magneto-optical 
media, etc., and a mother board 1518. The mother board 1518 includes, for example, a 
processor 1520, a RAM 1522, and a ROM 1524 (e.g., DRAM, ROM, EPROM, EEPROM, 
SRAM, SDRAM, and Flash RAM, etc.) for implementing devices 1404-1424 of FIGURE 14, 
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I/O ports 1526 which may be used to couple to an image acquisition device (e.g., image 
acquisition device 1402 of FIGURE 14) and optional special purpose logic devices (e.g., 
ASICs, etc.) or configurable logic devices (e.g., GAL and re-programmable FPGA) 1528 for 
performing specialized hardware/software functions, such as sound processing, image 
processing, signal processing, neural network processing, automated classification, etc., and 
for implementing device 1426 of FIGURE 14, a microphone 1530, and a speaker or speakers 
1532. 

As stated above, the system includes at least one computer readable medium. 
Examples of computer readable media are compact discs, hard disks, floppy disks, tape, 
magneto-optical disks, PROMs (EPROM, EEPROM, Flash EPROM), DRAM, SRAM, 
SDRAM, etc. Stored on any one or on a combination of computer readable media, the 
present invention includes software for controlling both the hardware of the computer 1500 
and for enabling the computer 1500 to interact with a human user. Such software may 
include, but is not limited to, device drivers, operating systems and user applications, such as 
development tools. Such computer readable media further includes the computer program 
product of the present invention for performing any of the processes according to the present 
invention, described above (see, e.g., FIGURES 1, 6, 8, 9, 10 and 14). The computer code 
devices of the present invention can be any interpreted or executable code mechanism, 
including but not limited to scripts, interpreters, dynamic link libraries, Java classes, and 
complete executable programs, etc. 

The programming of general purpose computer 1500 may include a software module 
for digitizing and storing images obtained from an image acquisition device (e.g., image 
acquisition device 1402 of FIGURE 14). Alternatively, the present invention can also be 
implemented to process digital data derived from images obtained by other means, such as a 
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picture archive communication system (PACS). In other words, often the digital images 
being processed will be in existence in digital form and need not be converted to digital form 
in practicing the invention. 

Accordingly, the mechanisms and processes set forth in the present description may 
be implemented using a conventional general purpose microprocessor or computer 
programmed according to the teachings in the present specification, as will be appreciated by 
those skilled in the relevant art(s). Appropriate software coding can readily be prepared by 
skilled programmers based on the teachings of the present disclosure, as will also be apparent 
to those skilled in the relevant art(s). However, as will be readily apparent to those skilled in 
the art, the present invention also may be implemented by the preparation of application- 
specific integrated circuits or by interconnecting an appropriate network of conventional 
component circuits. 

The present invention thus also includes a computer-based product which may be 
hosted on a storage medium and include instructions which can be used to program a general 
purpose microprocessor or computer to perform processes in accordance with the present 
invention. This storage medium can include, but is not limited to, any type of disk including 
floppy disks, optical disks, CD-ROMs, magneto-optical disks, ROMs, RAMs, EPROMs, 
EEPROMs, flash memory, magnetic or optical cards, or any type of media suitable for 
storing electronic instructions. 

Recapitulating, the image processing aspects of the present invention provides an 
improved computerized, automated method for lung nodule detection in thoracic CT scans 
(e.g., acquired with either a standard helical protocol or a low-dose helical protocol) based on 
multiple gray-level thresholding, region-erosion, and feature extraction techniques. For each 
section image, a gray-level threshold is applied to create a binary image. A contour-detection 
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algorithm identifies the outer margin of the largest "on" region in the binary image, and the 
set of all image pixels that lie within this contour defines the segmented thorax region. The 
trachea and main bronchi are segmented to prevent subsequent inclusion within the 
segmented lung regions. A gray-level histogram is constructed from the pixels in the 
segmented thorax region to identify a second gray-level threshold, which is applied to the 
segmented thorax to create a binary image. The lungs are automatically separated at the 
anterior junction line when one is present. A contour-detection algorithm identifies the outer 
margins of the largest "on" regions in the binary image, and the set of all image pixels that lie 
within these contours (excluding pixels identified as diaphragm) defines the segmented lung 
regions. The segmented lung regions are modified by a rolling ball technique to incorporate 
pixels that may have been erroneously excluded by gray-level thresholding. The rolling ball 
technique is prevented from incorrectly including pixels that belong to the diaphragm. The 
segmented lung regions from all sections for a particular CT scan form a segmented lung 
volume, which forms the basis for subsequent analysis. A multiple gray-level thresholding 
technique is applied to the segmented lung volume to create a series of thresholded lung 
volumes. An 1 8-point connectivity scheme is used to identify individual three-dimensional 
structures within all thresholded lung volumes. A volume criterion is used to qualify a 
structure as a nodule candidate. Feature vectors are computed for all nodule candidates. 
These feature vectors are used as input to an automated classifier to distinguish nodule 
candidates that correspond to actual nodules from nodule candidates that correspond to 
normal anatomy. 

Novel developments and implementations of the present invention include 
techniques for region erosion to isolate lung nodules from normal pulmonary anatomy, use of 
a similarity index to initially identify lung nodules, and convolution of image data with three- 
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dimensional filters to improve detection performance. Accordingly, the techniques of the 
present invention have the potential to assist radiologists in the automated detection of 
lesions in helical computed tomography (CT) scans of the thorax. 

Although the present invention is described in terms of extracting features, such as 
structure volume, sphericity, the radius of the equivalent sphere, maximum compactness, 
maximum circularity, maximum eccentricity, mean gray level within the structure, standard 
deviation of the gray level, the gray-level threshold at which the structure volume first 
decreases below the upper volume bound, etc., to reduce false-positives, other features, such 
as effective diameter, degrees of circularity and irregularity, slopes of the effective diameter 
and degrees of circularity and irregularity, average gradient, standard deviation of gradient 
orientation, contrast and net contrast (e.g., as taught in Patent Application No. 08/562,087) 
could be extracted, as will be appreciated by those skilled in the relevant art(s). 

Obviously, numerous modifications and variations of the present invention are 
possible in light of the above teachings. It is therefore to be understood that within the scope 
of the appended claims, the invention may be practiced otherwise than as specifically 
described herein. 
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